Computer aided detection of suspicious masses and micro-calcifications by Hanmandlu, Madasu et al.
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
QUT Digital Repository:  
http://eprints.qut.edu.au/ 
Hanmandlu, M. and Vineel, D. and Madasu, Vamsi K. and Vasikarla, S. (2008) 
Computer aided detection of suspicious masses and micro-calcifications. In Latifi, 
Shahram, Eds. Proceedings Fifth International Conference on Information 
Technology: New Generations, pages pp. 789-794, Las Vegas, USA. 
 
          © Copyright 2008 IEEE 
Personal use of this material is permitted. However, permission to 
reprint/republish this material for advertising or promotional purposes or for 
creating new collective works for resale or redistribution to servers or lists, or to 
reuse any copyrighted component of this work in other works must be obtained 
from the IEEE. 
Computer aided detection of suspicious masses and micro-calcifications  
 
 
M. Hanmandlu 
Dept. of Elec. Eng. 
I.I.T. Delhi, India 
mhmandlu@ee.iitd.ac.in 
D. Vineel 
Dept. of Elec. Eng. 
I.I.T. Delhi, India 
vineel_2962@yahoo.com 
Vamsi K. Madasu 
School of Eng. Sys.  
QUT, Australia 
v.madasu@qut.edu.au 
S. Vasikarla 
Faculty of IT 
AI University, USA 
s.vasikarla@la.aiuniv.edu 
 
  
   
         Abstract                                              
Mammography is considered as the most effective 
means for breast cancer diagnosis. This paper 
introduces two separate techniques for mass and 
micro-calcification segmentation in digital 
mammograms.  Segmentation of masses consists of 
three steps- background subtraction, fuzzy texture 
representation and entropic theresholding. Similarly 
micro-calcifications are also segmented in three 
stages – background subtraction, Laplacian of 
Gaussian filtering and contrast estimation followed 
by thresholding. Both the techniques are verified with 
the markings given by the radiologist and are found 
to be quite effective tools in diagnosing breast 
cancer.  
 
Keywords: Breast cancer, fuzzy texture, entropy, 
fuzzy segmentation, Entropic thresholding, micro-
calcification, Laplacian of Gaussian filter.  
 
 
1. INTRODUCTION  
Breast cancer is one of the most dangerous 
diseases prevalent among the women. It is estimated 
that 182 000 new cases are being reported every year 
and 46 000 die of this cancer [1]. Mammography is 
best suited for early diagnosis of breast cancer. 
Computer aided diagnosis helps as a second opinion 
for the radiologist to decide if the cancer is present. 
Masses and micro-calcifications are the two kinds of 
abnormalities present in the mammogram. Much of 
the work on computer aided diagnosis is done on 
micro-calcifications. This is because micro-
calcifications show early sign of breast cancer. 
Micro-calcifications are high contrast rods or spots 
present on the mammogram. Only the regions where 
these micro-calcifications appear as clusters within a 
radius of 1cm are considered suspicious. The 
morphologic appearance of micro-calcifications has 
been emphasized in the last decades.  
Mass segmentation plays an important role in this 
diagnosis. One of the approaches for segmentation is 
thresholding. Effective thresholding techniques that 
lead to the extraction of masses are proposed [2]-[3]. 
Some of these techniques are entropy based [4]-[5]. 
Templates are used to code the geometric structures 
of specific types of masses and then matched those 
template patterns from a mammogram.  
Texture analysis has been used by some 
researchers to separate out the differently textured 
regions [6]-[10]. Laws developed a pixel based 
method of texture analysis particularly applicable to 
radiographic images [11]. The Laws’ method uses 
filter masks to extract secondary features from 
natural micro-structure characteristics of the image 
(level, edge, spot and ripple) which can then be used 
for segmentation or classification. Other methods 
include thresholding [12], edge detection and 
gradient-based [13]. Region growing [14] is used for 
segmentation of suspicious portions from the 
mammograms. If pixel intensity falls in a specific 
range, the region-growing algorithm is applied and 
the intensity gradient is computed to test whether the 
candidate pixel satisfies the mean and variance 
criteria. A problem with this algorithm is that it 
requires many user-input variables. These variables 
are actually image dependent and should be 
determined automatically. Some of the hierarchical 
schemes have been extended to the case of multiple 
features and applied to the most difficult problem of 
segmentation based on texture. A natural 
generalization of applying thresholds to a single gray 
level characteristic gives rise to segmentation based 
on clustering. Several edge oriented methods are 
introduced and these generally attempt to locate 
texture edges based on the computation of a multi-
feature gradient-like operator. Hierarchical 
approaches using pyramid node linking [15] or 
applying the split-and-merge algorithm to the co 
occurrence matrix [16] also exist in the literature.  
In this paper we propose segmentation schemes 
for masses as well as micro-calcifications. The region 
of interest containing mass is initially the background 
subtracted and we apply fuzzy texture representation 
method for capturing the texture information from the 
neighborhood. Then Entropic thresholding is used for 
segmentation. The region of interest containing the 
micro-calcifications is background subtracted and 
Laplacian of Gaussian filter is applied. This is 
followed by local contrast estimation and 
thresholding.  
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2. SEGMENTATION OF MASSES 
AND MICROCALCIFICATIONS 
Two separate methods are proposed to segment the 
masses and micro-calcifications in mammograms. 
The digital mammography images serve as the input 
to the proposed algorithm and no other information is 
required.  
 
2.1. Segmentation of Micro-calcification 
 
The method suggested for the detection of micro-
calcifications and suspicious masses from 
mammogram images is tested over several images 
taken from mini-MIAS (Mammogram Image 
Analysis Society, UK) database.  
 
Local Background Subtraction 
 
At first the mammogram is considered as a three-
dimensional plot with the third axis (z) corresponding 
to the intensity of each pixel. The whole image is 
split up into 30 x 30 sub-regions. We calculate one 
value for each sub-region since the micro-
calcifications fall in the top 30% gray level range. So 
we consider the mean of the gray levels of the pixels 
that are in the other part of the range as the value for 
the sub-region.  We use bi-cubic interpolation to 
obtain the second plot representing the intensity level 
of the local background. The interpolated image is 
subtracted from the original mammogram producing 
a third image with each pixel value providing the 
difference between the original and local background 
pixel values. The image is normalized to range 0-255 
and subjected to filtering.  
 
Filtering using Laplacian of Gaussian Filter  
 
The Laplacian is a 2-D isotropic measure of the 
second spatial derivative of an image. The Laplacian 
of an image highlights regions of rapid intensity 
change and is therefore often used for edge detection. 
The Laplacian is often applied to an image that has 
first been smoothed with an approximate Gaussian 
smoothing filter in order to reduce its sensitivity to 
noise. The Laplacian operator normally takes a single 
gray level image as the input and produces another 
gray level image as the output.  
The Laplacian L(x, y) of an image with pixel 
intensity values I(x, y) is given by:  
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Using an appropriate convolution kernel, the 
Laplacian can be evaluated using the standard 
convolution methods. The kernel approximates a 
second derivative measurement on the image, which 
is very sensitive to noise. To counter this, the image 
is often Gaussian smoothed before applying the 
Laplacian filter. This pre-processing step reduces the 
high frequency noise components prior to the 
differentiation step [29].  
Since the convolution operation is associative, we 
convolve the Gaussian smoothing filter with the 
Laplacian filter first, and then convolve this hybrid 
filter with the image to achieve the required result.  
The 2-D LoG function centered on zero with the 
Gaussian standard deviation σ shown in Fig. 2 has 
the form: 
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The discrete version of the filter suitable to be 
applied on digital images is of the form: 
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A discrete kernel that approximates the Gaussian 
function withσ = 1.7 having a size of 51 x 51 pixels 
is chosen in our case. 
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Fig. 2 The 2-D Laplacian of Gaussian (LoG) 
function. The x and y axes are marked in terms of 
standard deviations (σ).  
 
In the proposed approach the input signal is fed to 
LoG filter set to the standard deviation of 1.7 
ILoGG *7.1== σ                        (4)                  
where, G is the response of the filtering.  The effect 
of this operation is the increase in the contrast of the 
micro-calcifications.  
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Local Contrast Estimation and Thresholding 
 
The local contrast measure C of each pixel is 
estimated and compared with a threshold value CT 
and if C of the pixel is found greater than CT then the 
pixel of interest is labeled as microcalcification pixel. 
The local contrast is defined as the difference 
between the maximum value of the window 
surrounding the pixel and the pixel of interest. The 
value of CT used is 55. The resulting image is a 
binary image showing the white regions as the micro-
calcifications. 
 
2.2 Segmentation of Mass  
 
The literature is ripe with so many approaches for 
characterizing the texture. Most of the approaches are 
complex and time consuming. There is hardly any 
attempt to characterize texture by fuzzy logic. As the 
texture is a region concept, it is hoped that suitable 
local information will represent the underlying 
texture. By incorporating neighborhood information 
in the fuzzification function, it is possible to represent 
texture by means of fuzzy logic techniques.  
The ambiguities in texture arising due to fuzzy 
nature of the image function are a motivating factor 
to devise fuzzy texture technique. Since texture is 
region based, we consider arrangement of image 
functions (i.e., intensities) of pixels in a local region, 
say, a window, in order to characterize the texture 
using the sigmoid type membership function.  
 
Background Subtraction 
 
Since the background in the Region of Interest 
(ROI) is non-uniform, background subtraction 
technique in [25] is adopted here. This technique 
estimates the low-frequency background by using the 
grey level of a band of pixels around the perimeter of 
the ROI. This method is based on visual comparison 
of the background-corrected images with the original 
image so that the background is leveled and no 
artifact is present. Running average of the pixel 
values along the perimeter of the ROI is calculated 
using a box filter of a 32 x 16 kernel, of which the 
long dimension is parallel to the edge of the ROI. For 
the perimeter pixels that are within 16 pixels of one 
of the four corners of the ROI, the long dimension of 
the box filter kernel is reduced on the side that is 
limited by the ROI edge. For example, the average 
pixel value at a corner of the ROI is obtained by a 16 
x 16 box filter, with one apex of the box filter kernel 
coinciding with the corner pixel.  
The gray level, G(i,j), of a given pixel (i, j ) in the 
estimated background image of the ROI is then 
calculated as 
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where, kg  is the gray level of the pixel at the 
intersection between one side of the lowpass-filtered 
ROI perimeter and the normal from the pixel (i, j ) to 
that side, and dk is the distance from the pixel (i, j ) to 
the intersection; k ranges from 1 to 4, denoting the 
four sides of the ROI. More than four pixels around 
the ROI perimeter might be used in the weighted sum 
for the background estimation and a low-pass filter 
might be applied to the interpolated background 
image to provide further smoothing. We use (5) for 
the interpolation and apply a low-pass box filter of a 
32 x 32 kernel to the interpolated background image 
in this study. The background image is then 
subtracted from the original ROI, thus reducing the 
background to near zero. 
 
Fuzzy texture representation 
 
To convert the spatial domain image into the 
fuzzy domain, we consider the spatial arrangement of 
gray levels of pixels over a window. The fuzzy 
property can be expressed in terms of a membership 
function. A membership function to this effect is 
defined by the sigmoid function. 
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where, x (i, j) is the gray level of the pixel at the (i,j)
th
 
position and τ is the fuzzifier which is taken as the 
window size. In our experiment, we take the value of 
τ as 5. We note that 
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To consider the response from the neighboring 
pixels, we obtain the cumulative response of (i, j)
th
 
pixel as follows 
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This is the defuzzified response of the (i,j)
th
 pixel 
over the window of size 5. This process is repeated 
for all pixels in the image and this yields a texture 
image consisting of all defuzzified values. For 
convenience of notation, we designate the matrix 
formed by y(i,j) as the response matrix. The image y 
is subjected to application of entropic thresholding. 
 
Mass segmentation by entropic thresholding 
 
The defuzzified response which is subjected to 
entropic thresholding is used for mass segmentation 
to extract the suspicious tumor from the background. 
The procedure for calculation of the threshold for the 
image is as follows. Assume that the gray level range 
is G= {0, 1,..., L-1}. Also let t be the threshold 
partitioning the gray levels G into the two regions 
G0={0,1,2,...,t} and G1={t,t+1,...,L-1}. The co-
occurrence matrix W thresholded by t can be divided 
into four quadrants which represent background to 
background (BB), background to foreground (BF), 
foreground to background (FB) and foreground to 
foreground (FF) respectively provided that pixels 
with gray levels above t are assumed to be 
foreground pixels and otherwise are background 
pixels. Assume that the probabilities of the four 
quadrants are pBB(i,j), pBF(i,j), pFB(i,j) and pFF(i,j).  
 The probabilities of the four quadrants are 
obtained by the following formulae: 
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Then, the entropies associated with the four 
quadrants are computed from: 
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Since BB and FF depict the gray level transitions 
between background to background and between 
foreground to foreground respectively, they represent 
the local properties. Using Eqns. (13) and (16) a local 
entropy is defined as 
 
               )()()( tHtHtH FFBB +=            (17) 
Therefore an optimal local threshold LEt is the one 
that maximizes Local Entropy. More precisely,  
 
              )}(arg{max, tHt LELE =              (18) 
This value 
LEt  is used to segment the image. 
3. RESULTS OF SEGMENTATION 
The test images are taken from Mammographic 
Image analysis Society database (MIAS) [17]. The 
results using the proposed approach for 
microcalcification detection are shown in Figures. In 
the resulting figures the white portion corresponds to 
the microcalcifications. Figure 1 shows the input 
image considered. Figure 2 shows the result of 
application of the image to the Laplacian of Gaussian 
filter after subjecting to background subtraction. 
Figure 3 shows the final binary image showing the 
microcalcifications. Figure 4 shows another input 
image of mammogram considered for segmentation. 
Its results are shown in Figs. 5 and 6. It is observed 
that the proposed algorithm performs quite well and 
is capable of segmenting the microcalcifications from 
the mammogram. 
As a second part of the study, we adopt the 
background subtraction technique and then the 
texture representation of masses in mammographic 
images taken from MIAS database. The defuzzified 
response is calculated for each pixel over the window 
of size 5x5. The size of window is such that it 
sufficiently captures the pattern of textures present in 
the natural image. We apply Entropic thresholding to 
segment the images. The masses are shown in Fig. 6 
and the segmented images of the mammograms are 
shown in the Fig.  7. Figure 8 shows the background 
subtraction image. 
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Fig. 3 Mammographic images showing micro- 
calcification 
 
 
 
 
 
 
 
Fig. 4 LoG filtered images 
 
 
 
 
 
Fig. 5 Segmented images 
 
 
 
 
 
 
 
 
 
 
Fig. 6. Mammographic images showing masses 
(left) and their segmentations (right) 
 
 
 
 
 
Fig. 7 Final background segmented image sample  
4. CONCLUSIONS 
A new approach is presented for the detection of 
micro-calcifications and masses. The detection of 
individual micro-calcifications is based on the LoG 
filter response of a background subtracted 
mammogram. The identification of candidate pixels 
is done by estimating the local contrast measure of 
the pixel.  We have tested our system in the MIAS 
mammographic databases with satisfactory results. 
The masses are generally recognizable by texture. 
In this paper, we attempt to segment mammogram 
containing masses by its texture. A fuzzy technique is 
explored in this work. A membership function to this 
effect is defined by the sigmoid function. The 
defuzzified image is segmented using Entropic 
thresholding. In the present work, a computer-aided 
system for segmentation of masses is presented. Our 
major concern is to identify tumor in an image and it 
has been observed that the tumor is clearly 
recognizable by its texture information. Results of 
segmentation obtained for both the cases reveal that 
they match those observed by an experienced 
radiologists indicating thereby that the proposed 
fuzzy technique performs well in terms of reduction 
of false positive rates.  
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